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ABSTRACT

Motivation: To identify genes suitable for medical
diagnostics microarray data is assessed in the context
of clinical databases, which store complex
information about the patient phenotype. The wealth
of data and lack of standards make it difficult to
analysethiskind of data.

Results: We present a workflow for exploratory
analysis of microarray data together with clinical data
consisting of four steps. definition of clinicaly
meaningful research questions in a masterfile,
generation of anaysis files, selection and
characterization of differentially expressed genes, and
estimation of classification accuracy. We applied this
workflow to large data sets from the field of
cardiology and oncology (n~500 patients).

Systematic data management of microarray data and
clinical data helps to make results more transparent
and comparable.
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INTRODUCTION

Microarrays are being applied to investigate diseases
on a molecular level. The interpretation of the datais
difficult because the number of measurement points
is much higher than the number of samples and the
correlation structure of the gene expression levels is
unknown. For medical diagnostics differentially
expressed genes, particularly disease-specific genes,
are amajor focus of ongoing research [1,2].

To interprete microarray data from patient samples,
integration with clinical datais required, e.g. follow-
up information concerning patient survival. By
integrating information from different diagnostic
modalities  (clinical  classification, laboratory
diagnostics, especially PCR) the medical plausibility
and consistency of microarray data can be verified.

SYSTEMS AND METHODS

Clinical databases are characterized by a large
number of attributes (typically >100 per patient) and
many different medical coding schemes [3,4]. For
this reason there are many possibilities to partition
the same set of patients into different clinically
meaningful groups, e.g. young versus old patients,
patients with high versus low blood pressure, patients
with normal versus abnormal cholesterol level etc.
Typicaly, different cut-off values are possible to
define a "high" or "low" value of an attribute, and
usually there are not two (A versus B), but 5 - 10
medical categories (e.g. diagnoses).

Clinicaly relevant groups are usually defined by a
medical expert. They can be determined by a single
attribute, e.g. location of the disease, or by a
combination of several attributes, e.g. high blood
pressure combined with high blood glucose as a high
risk group of patients.

As a consequence, many different clinically
meaningful research questions can be posed for the
same data set. For each research question, a list of
differentially expressed genes, gene profiles with
annotation and an estimation of diagnostic accuracy
need to be determined.

Our approach to assess microarray data in the context
of clinical databases consists of the following steps:

1. Definition of clinically meaningful research
guestions in a masterfile

This definition is performed by a medical expert. He
selects attributes from the clinical database, which are
important to assign the patients to clinicaly
meaningful groups. This assignment is based on
single attributes or a combination of attributes.

Table 1 showsthe structure of the masterfile.

The medical rationale, the rules and the cut-off values
to define categories are subject to medical expertise
and are documented separately. In our setting, up to
30 analysis columns (=research questions) per data
set and up to 25 categories per analysis column were
defined.
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samplelD |attribute-Yattribute-2|...|attribute-njanalysis-1janalysis-2...Janalysis-n
microarray110 high 20 normal |locationl| |intermediate
microarray2120 high 1000 diseasel |locationl| [severe
microarray3120 high 1230 diseasel |locationl| |severe
microarray 4500 low 1120 disease? |location2 | |intermediate
mi croarray5/500 low 30 disease? |location2| |mild
microarray5 low 23 normal |location2| |mild

Table 1. Masterfile. Each row corresponds to a patient sample, identified by a sample identifier (samplelD).
Columns attribute-1 to attribute-n denote selected clinical attributes from the patient database (like blood pressure,
smoking status etc.). Single attributes or certain combinations of attributes define patient groups for microarray
analysis. For each research question, an analysis column (analysis-1 to analysis-n) is provided by the medical expert.

genel D|normal diseasel |diseasel |disease?2 |disease2 [normal
microarray lmicroarray2 microarray3microarray4microarray5|microarray§...

gene-1 (4 132 17 55 66 44

gene-2 (46 23 2 2344 44 55

gene-n |86 43 54 55 75 A

Table 2: Analysisfile. The first column consists of a genelD. The first row provides the diagnostic categories of the
samples, the second row lists sample identifiers. Starting from the third row, the gene expression vaues are

provided.

2. Generation of analysis files

A straightforward PERL -Script
(http://www.perl.com) generates a separate analysis
file (Table 2) for each research question, defined by
the masterfile. Raw data files and masterfiles are
linked by means of sample identifiers. The analysis
file is divided into a training set, which consists of
two thirds of samples, and a test set, which contains
therest of the data.

3. Selection and characterization of differentially
expressed genes

There are several published methods to identify
differentially expressed genes in microarray data sets
with various advantages and disadvantages. To unify
the analysis process and to provide both sensitive and
specific methods we apply three established methods
to identify differentially expressed genes in the
training sets: maxT-minP according to Westfall &

Young, Golub's neighborhood analysis and False
discovery rate (for details see [5]). We also apply the
R-packages from Bioconductor

(http://www.bioconductor.org, [6]). Each method
generates a list of gene identifiers together with
parameters such as adjusted p-val ues.

The three lists of differentially expressed genes
provided by these methods are combined
automatically and enhanced with annotation by
means of PERL-programs. For each gene,
information is provided concerning the statistical
method to which it is assigned per differentia
expression. In addition, gene expression profiles are
generated.

4. Estimation of classification accuracy

The merged gene list generated in step 3 and the gene
expression data from each training set are used to
train a support vector machine (SVM, [7]). The
samples in each test set are classified using this
SYM-model and the classification accuracy is
estimated.

The workflow for this systematic analysis process of
gene expression data, in conjunction with clinical
databases, is summarized in Figure 1.
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Figure 1: Workflow for systematic gene expression analysis.
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Figure 2: ECG-documentation.

IMPLEMENTATION

We built complex clinical databases in the field of
cardiology and oncology, consisting of 500-1000
attributes per patient and analysed gene expression by
means of Affymetrix™ microarrays (U95a and
U133a, n~500). Figure 2 presents a screenshot of
electrocardiogram (ECG) data from this cardiological
database (MAGiIC=Munich Alliance for Genomic
research on Cardiac arrhythmias). This system

comprises of 20 documentation modules representing
adetailed phenotype of cardiological patients.

Figure 3 presents two profiles of genes which were
detected as being differentially expressed between
patient groups. It becomes evident that a gene with
significantly different means between groups is not
necessarily able to separate groups precisely, i.e. a
specific gene for a certain patient category.
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Figure 3: Gene profile for two different genes. Each bar corresponds to the gene expression level of one gene in one
microarray experiment (height of the bars: arbitrary units). Each color corresponds to a certain patient category. The
red and the blue group can be separated in the the upper, but not in the lower gene profile.

DISCUSSION AND CONCLUSION

It is well known that microarrays generate a lot of
data. To make it even worse, in a clinical setting —
due to the complexity of the patient phenotype —
many research questions can be posed of these data
sets. Therefore, a systematic approach of data
management is useful to keep an overview and to
avoid errorsin analysis.

We developed a method to manage clinical and
microarray data in a real-world clinical setting with
several hundred patients, dozens of research
questions and up to 25 patient categories per analysis.
The medical expert defined clinically meaningful
research questions in a masterfile, which was used to
generate analysis files. An analysis workflow suitable
for large-scale microarray analysis was defined to
answer medically important questions in a systematic
manner: Which genes are differentially expressed?

What is the estimated classification accuracy for a
diagnostic test based on these genes? These questions
are important because differential expression of a
gene is not equivalent to diseasespecificity, which is
relevant for a diagnostic setting.

We applied established methods for data processing
and analysis from the literature. In our case, the
results were encouraging because many findings were
consistent with genetic phenomena known from the
literature and available RT-PCR data; in addition, the
results matched well with different microarray types
[8].

However, there are important problems. This kind of
analysis is highly exploratory and worsens the
multiple testing problem. Therefore, confirmatory
experiments and validation are needed. There is an
urgent need for standardisation of methods for
detecting differentially expressed genes and for
estimation of classification accuracy. This should

AMIA 2003 Symposium Proceedings — Page 213



address both selection of methods and guidelines for
reasonable parameters. In particular, scientists are
currently debating which method is most appropriate
for differentially expressed genes. For this reason, we
applied three established methods. From our
experience, the main results from these methods are
similar if the data set is "very clear”. For estimation
of classification accuracy we used SVM, because it
usually outperforms other methods [9]. We did not
address the problem of normalization and applied the
default procedure from the microarray manufacturer.
Further research is needed to detect structures in this
kind of data in a reliable manner. Systematic data
management is important to streamline these analyses
and to make the results more transparent and
comparable. When these problems are solved, thereis
much potential for application of microarray
technology in the field of medical diagnostics.
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